Abstract: Snow water equivalent (SWE) is a key parameter in the Earth's energy budget and water cycle. It has been demonstrated that SWE can be retrieved using active microwave remote sensing from space. This necessitates the development of forward models that are capable of simulating the interactions of microwaves and the snow medium. Several proposed models have described snow as a collection of sphere-or ellipsoid-shaped ice particles embedded in air, while the microstructure of snow is, in reality, more complex. Natural snow usually forms a sintered structure following mechanical and thermal metamorphism processes. In this research, the bi-continuous vector radiative transfer (bi-continuous-VRT) model, which firstly constructs snow microstructure more similar to real snow and then simulates the snow backscattering signal, is used as the forward model for SWE estimation. Based on this forward model, a parameterization scheme of snow volume backscattering is proposed. A relationship between snow optical thickness and single scattering albedo at X and Ku bands is established by analyzing the database generated from the bi-continuous-VRT model. A cost function with constraints is used to solve effective albedo and optical thickness, while the absorption part of optical thickness is obtained from these two parameters. SWE is estimated after a correction for physical temperature. The estimated SWE is correlated with the measured SWE with an acceptable accuracy. Validation against two-year measurements, using the SnowScat instrument from the Nordic Snow Radar Experiment (NoSREx), shows that the estimated SWE using the presented algorithm has a root mean square error (RMSE) of 16.59 mm for the winter of 2009
Introduction
Snow cover can reflect a large part of incident solar radiation because of its high albedo and a large amount of water resources store in the snowpack, which are the primary source of water for river channel discharge in the middle-to-high latitude areas. Therefore, snow cover has a great impact on the surface energy budget of the Earth, as well as global and regional water cycles [1] [2] [3] . Moreover, one sixth of the total population of the word depends on snowmelt runoff to meet their measurements of backscattering intensity. Initial theoretical models based on the traditional vector radiative transfer equation described the snow particles as spheres or ellipsoids and assumed that the scattering from snow particles was independent, and the intensity of total scattering was the sum of that from each particles ignoring the collective scattering effect of particles. However, as snow depth and density increase, multiple scattering effects become more significant. In order to consider the interactions among snow particles, Tsang et al. [22] proposed the Dense Media Radiative Transfer (DMRT) approach based on quasi-crystalline approximation (QCA), considering the snow pack as dense medium consisting of partially merged particles. Further, Du et al. [23] developed a multi-scattering and multi-layer snow scattering model with Matrix Doubling method. The verification of this model showed consistency with measured data [24] . However, their study still underestimated the backscattering signals at cross polarization since the shapes of snow particles were still considered as spheres or ellipsoids. In this study, the bi-continuous vector radiative transfer (bi-continuous-VRT) model, which can construct snow microstructure to resemble true shapes found in natural snowpacks [25] , is used to simulate the scattering characteristics from the snowpack. The model is applied to simulate snow volume scattering, while Advanced Integral Equation Model (AIEM) [26] is applied to simulate the soil surface backscattering under snow cover. We utilize this integrated theoretical model for backscattering simulation of snow covered ground to construct a backscattering database, and to develop our new parameterization scheme for volume scattering, applied in a SWE retrieval algorithm.
The main objective of this study is to demonstrate the estimation of SWE from X and Ku band active microwave observations, by using the bi-continuous-VRT model. Following this introduction, Section 2 describes the theoretical forward model (bi-continuous-VRT model) for backscattering simulation from snow-covered ground and the model validation with SARALPS 2007 data [27] . In Section 3, the method of SWE retrieval is described. The dataset used for the SWE retrieval algorithm validation is described in Section 4 and the retrieved results and analysis are discussed in Section 5. The final section summarizes our work.
Snowpack Backscattering Simulation

The Theoretical Forward Model for Backscattering from Snowpack
Radar backscattering signals over snow-covered ground at a given incidence angle θ i can be considered to consist of four components: the surface scattering component from the air-snow interface σ a pq p f q, a volume scattering component from snowpack σ vol pq p f q, the interaction component between snow volume and snow-ground interface σ 
where
µ " cosθ r
τ " ke¨d (4) and f is the radar frequency, at polarization p q, T pq is the power transmission coefficient at the air-snow interface (close to unity for dry snow), θ r is the refraction angle caused by the presence of snow, and L pq is the snow volume attenuation factor. The optical thickness τ is the product of the snow extinction coefficient k e and snow depth d. We utilize the bi-continuous-VRT model to simulate the backscattering from snowpack and the AIEM model to simulate the direct ground backscattering component at co-polarizations (VV and HH polarizations) and Oh model [28] for that at VH polarization. The bi-continuous-VRT model firstly simulates bi-continuous random structures by the level-cut method, which is more similar to real snow structure. Then, the scattering parameters (scattering Remote Sens. 2016, 8, 505 4 of 18 coefficient, absorption coefficient, scattering phase matrix, etc.) calculated from the simulated incoherent scattered field are coupled to the radiative transfer equation. The polarimetric backscattering coefficient can then be obtained after solving the radiative transfer model.
For the soil backscattering model, one of the most popular models for soil surface backscattering at co-polarizations is the AIEM, which is more complex than other traditional surface scattering models, such as the Small Perturbation Model, Geometry Optical Model and Physical Optical Model. AIEM is an improved version of the Integral Equation Model (IEM) [29] , which has been verified against experimental in-situ data [23, 30] . For simulating the cross-polarization backscattering of bare soil, an empirical Oh model was developed based on polarimetric radar measurements with measured soil surface root mean square height (RMS height), correlation length, and dielectric constant [28] . Several soil surface parameters (soil surface RMS height, surface correlation length, soil moisture content and auto-correlation function) are needed to do the surface backscattering simulation.
Signals from the air-snow surface can be ignored because for dry snow, these are very small compared with other scattering components at off-nadir incidence [31] . The snow volume backscattering simulated by the bi-continuous-VRT model also includes the interaction component between snow volume and snow-ground interface. When the power transmission coefficient at the air-snow interface is assumed to be unity, Equation (1) can be expressed as:
Input parameters of the forward model described in Equation (5) include optical grain size, grain size distribution parameter, snow depth, snow density for the snow volume backscatter simulation and soil surface RMS height, soil correlation length, and soil moisture content for the ground surface backscatter simulation. Specifically, the optical grain size R e , grain size distribution parameter "b" and snow density are the input parameters to characterize the snow microstructure in bi-continuous-VRT model [25] . The optical grain size R e is defined as the grain size of identical spheres which have the same specific surface area (SSA) as the bicontinuous medium, which can be analytically derived. The grain size distribution parameter b is an indicator of grain size distribution. As b decreases, the clustering effect becomes stronger and aggregation effects are stronger [32] .
In previous theoretical models, most surfaces have been considered to have only one scale of roughness. However, the natural land surface is very complex and usually contains multiple roughness scales. To recognize a scale, the coherence of the backscattered signal over the scale must be retained. For a multiscale rough surface, only a range of roughness scales is effective in generating scattering at a given view angle and a frequency [33] . Because of this, microwave at centimeter wavelength, may sense only roughness scales smaller or comparable to the wavelength at mid-or large-incident angles [29] . Thus, considering a frequency range from X to Ku band, we take into account soil surface RMS height values from 0.001 cm to 0.1 cm in the process of backscattering simulation.
Taking all of the above factors into consideration, we generated a simulated database through running the bi-continuous-VRT model: a wide range of snow parameters (snow depth, particle size, volume fraction of ice, particle, and size variation, etc.) and soil roughness conditions (soil surface RMS height, soil correlation length) are considered; a nominal incident angle of 40˝at X and Ku bands is used, considering also the impact of snow density [34] on incident angle at the snow surface. The ranges and intervals for the model parameters are shown in Table 1 . Considering most of the ground surface under dry snow cover is in the frozen state, soil moisture of ground is assumed to be 0.02 (m 3 /m 3 ), which can be considered as realistic based on in situ measurements [32] . 
Model Validation with SARALPS-2007 Data
In this section, the theoretical forward backscattering model for snow covered ground described in Equation (5) is demonstrated against the SARALPS-2007 field experimental data from ESA (European Space Agency). Aimed at validation of the backscatter models and the development of snow retrieval algorithms, this experimental campaign collected fully polarimetric backscattering data of snow-covered ground at X and Ku bands (10 GHz and 17 GHz) with a ground-based Synthetic Aperture Radar (GB-SAR), operated with a variety of incident angles (from 30˝to 70˝). Kűhtai site located in a side valley above the Inn valley about 30 km southwest of Innsbruck is selected for the backscattering model simulation. Meteorological datasets are available from adjacent meteorological stations. A relatively flat meadow was used as the test site. Snow measurements were made at several locations within or close to the GB-SAR footprint. The prevailing snow conditions and GB-SAR data are described for each of the seven campaign days [27] . However, there are only two observations for dry snow on 17 January and 5 February at Kűhtai/Untere Issalm test site. There was no HH polarization measurement available for 17 January. The detailed descriptions of the field measurements are summarized in Table 2 . Because the backscattering at cross polarization from underground at X and Ku band is underestimated by the Oh model [28] , a scale factor is introduced in the Oh model for cross-polarization backscattering simulation in order to match the cross-polarization backscattering observations of the bare soil under snow cover. We simulate the backscattering at different incident angles (30˝, 40˝, 50˝, 60˝) using the integrated theoretical model and compare the simulated results with GB-SAR observations. Soil surface roughness parameters were obtained from laser profiler and a roughness plate measurements; the snow density and snow depth values were obtained from snow pit observations. The performance of the model is assessed by comparison to measured signatures in dry snow conditions. Figure 1 shows the comparison of the GB-SAR data with the model predictions on 17 January and 5 February 2007. For the snow volume backscattering simulation, the optical grain size R e was 0.2 mm, the b parameter was set to be 1.2. For the ground backscattering simulation, the soil RMS height was 0.95 cm, correlation length was 3.8 cm and the volumetric moisture mv was 0.02 m 3 /m 3 . This result shows reasonably good agreement for co-polarized backscatter at X and Ku bands between the forward model simulations and observations. Table 3 shows the comparison between simulated backscattering and observed backscattering. R 2 stands for coefficient of determination. RMSE means root mean square error. The model accurately simulates the observed decreasing trend of backscattering with increased incident angles at both two bands. Figure 1 also shows that the backscattering at Ku band is higher than that at X band. 
Impacts of Grain Size on the Simulated Snowpack Backscattering
Optical grain size of bi-continuous medium here means equal surface-to-volume ratio compared with spheres [35] . In this part, the simulated scattering properties of the snowpack at X and Ku bands are analyzed, using the created database of simulations ( Table 1 ). The total scattering at Ku band is dominated by the snow volume scattering, so the effects of snow volume scattering are more significant at Ku band than that at X band up to 7 dB [36] . Moreover, the larger optical thickness at Ku band leads to a smaller one-way penetration depth (~3-4 m) than that at X band (in the order of 10 meters). Figure 2 shows VV-polarized signals at Ku and X bands simulated by the bi-continuous-VRT model, varying with snow depth and optical grain size (corresponding to the radius of snow grains), snow density and small soil moisture. Figure 2 shows the signals of X and Ku bands at VV polarization both increasing with snow depth. As expected, the simulated signal at Ku band is stronger than that at X band because of the higher sensitivity to snow scattering properties at a higher frequency. This is also consistent with the findings from Figure 1 . The result also shows that optical grain size has a significant effect on snow backscattering under constant b parameter of 1.2 as the difference between the simulated signals for the lowest (0.1 mm) and biggest (0.6 mm) is more than 15 dB at both two bands, while the dynamic range for an increase of 1.5 meters is in the order of 10 dB. 
Optical grain size of bi-continuous medium here means equal surface-to-volume ratio compared with spheres [35] . In this part, the simulated scattering properties of the snowpack at X and Ku bands are analyzed, using the created database of simulations ( Table 1 ). The total scattering at Ku band is dominated by the snow volume scattering, so the effects of snow volume scattering are more significant at Ku band than that at X band up to 7 dB [36] . Moreover, the larger optical thickness at Ku band leads to a smaller one-way penetration depth (~3-4 m) than that at X band (in the order of 10 m). Figure 2 shows VV-polarized signals at Ku and X bands simulated by the bi-continuous-VRT model, varying with snow depth and optical grain size R e (corresponding to the radius of snow grains), snow density and small soil moisture. Figure 2 shows the signals of X and Ku bands at VV polarization both increasing with snow depth. As expected, the simulated signal at Ku band is stronger than that at X band because of the higher sensitivity to snow scattering properties at a higher frequency. This is also consistent with the findings from Figure 1 . The result also shows that optical grain size R e has a significant effect on snow backscattering under constant b parameter of 1.2 as the difference between the simulated signals for the lowest (0.1 mm) and biggest (0.6 mm) R e is more than 15 dB at both two bands, while the dynamic range for an increase of 1.5 m is in the order of 10 dB. 
Retrieval Method
Snow Volume Scattering Model Simplification
Theoretical models need numerous input quantities and high computational efficiency; thus these typically cannot be directly used in the inverse problem. Parameterization aims to minimize the number of unknown variables and improve the retrieval efficiency, while retaining a known accuracy. To enable retrieval, we parameterized snow volume signals generated from the bi-continuous-VRT model in which multiple scattering mechanisms have been taken into consideration, using the database of simulations described in Table 1 .
As shown in Figure 3 , the cosine of incident angle μ under different snow density has little impact on the relationship between optical thickness and the attenuation factor. Therefore, μ caused by the presence of snow is set to a constant value of 0.8467, which is the mean value when the most of snow densities ranging from 0.05 to 0.45 g/cm 3 , to simplify the bi-continuous-VRT model for inversion. 
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Retrieval Method
Snow Volume Scattering Model Simplification
As shown in Figure 3 , the cosine of incident angle μ under different snow density has little impact on the relationship between optical thickness and the attenuation factor. Therefore, μ caused by the presence of snow is set to a constant value of 0.8467, which is the mean value when the most of snow densities ranging from 0.05 to 0.45 g/cm 3 , to simplify the bi-continuous-VRT model for inversion. Although the first order solution of the radiative transfer equation does not consider multiple scattering effects, it forms the major part of snow volume backscattering signals [37] . Therefore, we utilize the first-order solution to parameterize the snow volume scattering. The first-order solution of snow volume backscattering is shown in Equation (6) [38] . The parameterized formulas for snow volume scattering at X and Ku bands are shown in Equations (7)- (10), respectively. The coefficients in Equations (7)- (10) are obtained through least square regression and the parameter values are shown in Table 4 . .0115
Single scattering albedo ω is the ratio of scattering coefficient k s and the sum of absorption coefficient k a and the scattering coefficient k s in Equation (6) . Figure 4 demonstrates a comparison of the result of parameterized volume backscattering component based on Equations (7)- (10) The parameterization scheme has very good performance at both frequency bands, while performing slightly better at Ku band than at X band because the interaction component between snow volume and snow-ground interface at the longer wavelength X band is stronger than that at the shorter wavelength Ku band, which cannot be expressed well by the first-order solution of snow volume backscattering shown in Equation (6) . (7)- (10), respectively. Figure 5 demonstrates the relationships of single scattering albedo and snow optical thickness at X and Ku bands. The snow scattering characteristics at X and Ku bands, as simulated by the bi-continuous-VRT model, are highly correlated. It is thus possible to find the relationships of snow property parameters between these two bands. Based on the database generated by the model, the following relationships of optical thickness and single scattering albedo between Ku and X bands (7)- (10), respectively. Figure 5 demonstrates the relationships of single scattering albedo and snow optical thickness at X and Ku bands. The snow scattering characteristics at X and Ku bands, as simulated by the bi-continuous-VRT model, are highly correlated. It is thus possible to find the relationships of snow property parameters between these two bands. Based on the database generated by the model, the following relationships of optical thickness and single scattering albedo between Ku and X bands were founded:
Relationships of Albedo and Optical Thickness at X and Ku Bands
The fitted relationships, shown in Figure 5 , have R 2 of 0.9627 for single scattering albedo and R 2 of 0.9962 for optical thickness.
Based on these parameterization forms of snow volume backscattering in Equations (7)- (10), and the relationships of scattering parameters between single scattering albedo and the optical thickness at X and Ku bands Equations (11) and (12), respectively-snow volume backscattering at Ku band can be expressed by snow volume backscattering at X band. Thereby the number of unknown variables would be reduced in the process of SWE estimation. 
Cost Function
The estimation of geophysical parameters from satellite data is hampered by uncertainties of the complicated geo system and mutual influences of parameters in this system. It is very popular to use statistical methods to retrieve geophysical variables [39, 40] , such as the least square method (LSM). In this approach, the target parameter is retrieved through iteratively minimizing a cost function that describes the difference between the simulated and observed signals. We test two different cost functions: one does not have any prior knowledge about the parameters as shown in Equation (13):
The other one is built with a priori constraint, as shown in Equation (14) , that was also used in the proposed CoReH2O SWE retrieval algorithm, where an a priori constraint was applied for the effective grain radius [41] : 
where i represents the number of the measurement channel (X and Ku bands at VV, VH polarizations), i x denotes albedo and optical thickness, respectively, (14) represents the reference value for albedo and optical thickness which is usually roughly estimated from backscattering coefficient, or estimated from other sources (such as a snow process model). 
where i represents the number of the measurement channel (X and Ku bands at VV, VH polarizations), x i denotes albedo and optical thickness, respectively, σ meas i denotes the measured backscattering signals, and σ model i denotes the modeled backscattering signals which is the function of albedo and optical thickness. var 2 i is the expected error variance of the measurements which can be obtained from the sensor configuration. Here, 0.5 dB was used from the document of CoReH2O. x i in Equation (14) represents the reference value for albedo and optical thickness which is usually roughly estimated from backscattering coefficient, or estimated from other sources (such as a snow process model). λ 2 i is the variance of x i which affects the weight of constraints in the cost function. According to statistical theory, the value of x i then mostly ranges from x i´2 λ i to x i`2 λ i with x i assumed to obey normal distribution [39] .
We firstly compare these two cost functions in Equations (13) and (14) in their abilities of global convergence for the unknowns. Figure 6 shows two-dimensional contour plots of these cost function Equations (13) and (14) when varying the albedo and optical thickness values. The reference value in Figure 6a is based on simulations generated from the bi-continuous-VRT model. We can see that, with the increase of the number of iterations, the cost function with constraints gradually converges to the solution of the two parameters. However, when cost function with no constraint is used, the contour lines spread across the whole range of variable interval with increasing iteration number, as shown in Figure 6b . Therefore, the cost function with constraints will be utilized in later SWE estimation. With the Equations (7)- (12), the snow scattering parameters τ x and ω x can be obtained by minimizing the cost function. estimation. With the Equations (7)- (12), the snow scattering parameters x τ and x ω can be obtained by minimizing the cost function.
(a) (b) Figure 6 . The contours of cost function with constraints (a) and without constraints (b), using a simulated test case.
Estimation of SWE
The snow optical thickness is a product of snow depth and the extinction coefficient, which is closely related to SWE. The absorption part of snow optical thickness a τ is a product of the snow absorption coefficient and snow depth, which is linearly related to SWE [16] . a τ can be calculated by the optical thickness and albedo retrieved in the last part shown as Equation (14): 
The absorption coefficient ka can be empirically described as [42] :
where, 0 k is the radar wave number, ξ is the dielectric constant of the background ( ξ = 1 for air and i ξ = 3.15 for ice), '' ξ is the imaginary part of the dielectric constant of ice that is mainly determined by snow temperature, and Vs is volume fraction of ice (snow density s ρ = 0.917Vs ). Figure 7 shows that the empirically estimated ka through Equation (16) 
The snow optical thickness is a product of snow depth and the extinction coefficient, which is closely related to SWE. The absorption part of snow optical thickness τ a is a product of the snow absorption coefficient and snow depth, which is linearly related to SWE [16] . τ a can be calculated by the optical thickness and albedo retrieved in the last part shown as Equation (14):
The absorption coefficient k a can be empirically described as [42] :
where, k 0 is the radar wave number, ξ is the dielectric constant of the background (ξ = 1 for air and ξ i = 3.15 for ice), ξ 2 is the imaginary part of the dielectric constant of ice that is mainly determined by snow temperature, and Vs is volume fraction of ice (snow density ρ s = 0.917Vs). Figure 7 shows that the empirically estimated k a through Equation (16) matches very well with the ones simulated by the theoretical the bi-continuous-VRT model. Therefore, Equation (16) can be used in SWE estimation.
where, 0 k is the radar wave number, ξ is the dielectric constant of the background ( ξ = 1 for air and i ξ = 3.15 for ice), '' ξ is the imaginary part of the dielectric constant of ice that is mainly determined by snow temperature, and Vs is volume fraction of ice (snow density s ρ = 0.917Vs ). Figure 7 shows that the empirically estimated ka through Equation (16) matches very well with the ones simulated by the theoretical the bi-continuous-VRT model. Therefore, Equation (16) can be used in SWE estimation. According to Equations (15) and (16), SWE can be expressed in the following form Equation (17):
The imaginary part of dielectric constant of ice can be described as [43] :
226´32.8T ice (18) where T ice is the ice temperature in Centigrade. As is apparent from Equations (17) and (18); snow temperature has a direct influence on the snow absorption coefficient. In order to characterize the influence of snow temperature on the SWE estimation, different snow temperatures were used to calculate SWE under the fixed value of τ a using Equations (17) and (18) . The result is shown in Figure 8 .
The results show that with a temperature change of two degrees, the SWE changes about 5 mm. In this study, we postulate that snow temperature can be assumed to be a constant value in the SWE inversion, considering the typically low variability of snow physical temperature (with the exception of shallow snow and snow surface layers for deeper snow), arising from the high insulating properties of snow. Moreover, the snow temperature can be determined from snow physical models and reanalysis data; in this case, the snow temperature can be more accurate. According to Equations (15) and (16), SWE can be expressed in the following form Equation (17):
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where ice T is the ice temperature in Centigrade. As is apparent from Equations (17) and (18); snow temperature has a direct influence on the snow absorption coefficient. In order to characterize the influence of snow temperature on the SWE estimation, different snow temperatures were used to calculate SWE under the fixed value of a τ using Equations (17) and (18) . The result is shown in Figure 8 . The results show that with a temperature change of two degrees, the SWE changes about 5 mm. In this study, we postulate that snow temperature can be assumed to be a constant value in the SWE inversion, considering the typically low variability of snow physical temperature (with the exception of shallow snow and snow surface layers for deeper snow), arising from the high insulating properties of snow. Moreover, the snow temperature can be determined from snow physical models and reanalysis data; in this case, the snow temperature can be more accurate. Before SWE is calculated, the surface backscattering signals need to be removed from the total backscattering. We assume that the roughness of the soil surface is constant and ground surface below is in a frozen state during the whole winter. The backscatter before snowfall or during the early snow covered period when the snowpack is thin is dominated by the signal from the snow/ground interface. We regard this as the ground backscattering signal.
NoSREx Experimental Dataset
In the NoSREx experiment, a time series active and passive microwave measurements of snow cover were carried out with a ground-based scatterometer and several radiometers [44] . Before SWE is calculated, the surface backscattering signals need to be removed from the total backscattering. We assume that the roughness of the soil surface is constant and ground surface below is in a frozen state during the whole winter. The backscatter before snowfall or during the early snow covered period when the snowpack is thin is dominated by the signal from the snow/ground interface. We regard this as the ground backscattering signal.
In the NoSREx experiment, a time series active and passive microwave measurements of snow cover were carried out with a ground-based scatterometer and several radiometers [44] . The measurements were conducted at the Arctic Research Centre of the Finnish Meteorological Institute (26˝38.270 1 E; 67˝21.712 1 N) near the town of Sodankylä in Northern Finland between October 2009 and May 2013. The test area was located in a forest clearing. The soil at the site consists of mineral soil covered by a thin layer of organic matter (~5 cm) as surface vegetation consisting of small shrubs, grass and lichen. Brightness temperature at 1.4, 10.65, 18.7 and 37 GHz, H and V pol, at four incident angles (30˝, 40˝, 50˝, and 60˝) was measured by the SodRad system. Average value and standard deviation of each elevation scan were provided. The X and Ku bands polarimetric backscattering coefficient was measured by the SnowScat system, a ground-based, fully polarimetric frequency step radar [45] . The main characteristics of SnowScat are given in Table 5 . SnowScat was mounted at a height of 9.6 m overlooking the clearing, allowing scans of the measurement area both in elevation and azimuth. Four elevations, providing 30, 40, 50 and 60 degree incidence angles from nadir at ground level, were measured. The nominal scan consisted of 17 discrete azimuth directions at each elevation. In this study, VV polarized backscattering signals at 10.6 GHz and 16.7 GHz with 40i ncident angle were used for estimation of SWE. All scans in the azimuth were averaged to provide a single value of backscattering corresponding to a given scan in elevation. We focus on data from the first two seasons of the experiment. SnowScat scans took place every three hours during the first season. The measurement period was extended to four hours from the second season onwards. The SnowScat measurements were supported by detailed measurements of snow, soil, and atmospheric properties. Air, soil and snow temperature, as well as snow depth, were monitored by automated sensors, and weekly manual snow pit measurements provided an estimate of snow density, SWE, the snow stratigraphy (layering), and snow grain size in each layer. The maximum of SWE was up to 250 mm during 2009-2010 winter and 200 mm during 2010-2011 winter. Snow grain size was estimated by means of analyzing macro-photographs of snow grains taken against a reference grid. A representative sample of snow grains was manually removed from each layer for the purpose. Despite the acknowledged subjectivity and relatively high uncertainty of the measurement method, the grain size samples collected from the site have been shown to correlate with optical grain size measured using an integrating sphere instrument [46] as well as the microwave effective grain size derived from passive microwave observations by minimizing the simulated brightness temperature from model against the observed brightness temperature at 18 and 37 GHz in a cost function with the grain size as a free parameter in the model [47] . A Gamma Water Instrument (GWI), which measures the extinction of gamma rays emitted by an artificial gamma ray source over a given spectral band, was used to provide continuous information of Snow Water Equivalent. The instrument readings were calibrated against SWE provided by manual snow pit observations. The average grain size measured from the in situ during 2009-2010 winter was smaller than that during 2010-2011 winter [44] . Using this information for the SWE estimation, the mean value of single scattering albedo in the cost function Equation (14) was set as 0.65 and 0.8 for the two seasons, respectively. In this study, these values were roughly determined by the simulated database shown in Table 1 where the corresponding simulated signals was most close to the first few measured backscattering of the snow season. The reference value of optical thickness at these two periods is taken to be 0.02 based on the simulated database. Considering the most common scope of albedo and optical thickness of snow, variance values of 0.15 and 0.02 are typical for these two variables, respectively. Based on in situ measurements, we assume the snow temperature as a constant value of 8˝C for the winter of 2009-2010 and´6˝C for the winter of 2010-2011.
Results and Analysis
A Comparison of Estimated and Measured SWE
The time series of retrieved SWE in 2010-2011 and 2009-2010 are shown in Figure 9 against SWE measured by the GWI instrument. Generally, the estimated SWE agrees well with GWI observations. During the winters of these two years, the rising trend of SWE can be accurately estimated through our retrieval algorithm. The RMSEs between the observed and the estimated SWE are 16.59 mm for winter in 2009-2010 and 19.70 mm for winter in 2010-2011, respectively. It should be noted that the backscattering measurement we used for winter in 2009-2010 is the mean backscattering data over the whole azimuth range. Although the mean backscattering data we used has a poorer performance than that in the azimuth range of 0˝to 20˝ [44] , the RMSE for the retrieved SWE is still less than 30 mm which is acceptable [48] . An obvious deviation between the inversion results and the measured values on 18 February 2011 is shown in Figure 9b and this is caused by the decreased soil background signal due to refreezing at snow surface [44] . 
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The time series of retrieved SWE in 2010-2011 and 2009-2010 are shown in Figure 9 against SWE measured by the GWI instrument. Generally, the estimated SWE agrees well with GWI observations. During the winters of these two years, the rising trend of SWE can be accurately estimated through our retrieval algorithm. The RMSEs between the observed and the estimated SWE are 16.59 mm for winter in 2009-2010 and 19.70 mm for winter in 2010-2011, respectively. It should be noted that the backscattering measurement we used for winter in 2009-2010 is the mean backscattering data over the whole azimuth range. Although the mean backscattering data we used has a poorer performance than that in the azimuth range of 0° to 20° [44] , the RMSE for the retrieved SWE is still less than 30 mm which is acceptable [48] . An obvious deviation between the inversion results and the measured values on 18 February 2011 is shown in Figure 9b and this is caused by the decreased soil background signal due to refreezing at snow surface [44] .
Soil melt/freeze events happened during end of October of 2010 resulting in some jitter in the retrievals (Figure 9b ) at this time. The estimated SWE maintained a steady growth trend between 10 November and end of February when the air temperature stayed below 0 °C. However, there is an obvious discrepancy between the estimated SWE and the observed SWE from the end of February to the beginning of March in 2010-2011. This sudden variation can be explained by melt and re-freeze events of snow, causing an increase in backscattering in some azimuth directions [44] . 
Impact of Reference Value on SWE Estimation
In order to evaluate the impact of a priori values of albedo on the retrieval results, tests were performed with six different reference values and variances of effective albedo in the inversion. From Figure 10a , it can be seen that effective albedo with 0.2 variance shows a better result than that with 0.15 variance from 27 December 2009 to 29 January 2010. However, the measured SWE is Soil melt/freeze events happened during end of October of 2010 resulting in some jitter in the retrievals (Figure 9b ) at this time. The estimated SWE maintained a steady growth trend between 10 November and end of February when the air temperature stayed below 0˝C. However, there is an obvious discrepancy between the estimated SWE and the observed SWE from the end of February to the beginning of March in 2010-2011. This sudden variation can be explained by melt and re-freeze events of snow, causing an increase in backscattering in some azimuth directions [44] .
In order to evaluate the impact of a priori values of albedo on the retrieval results, tests were performed with six different reference values and variances of effective albedo in the inversion. From Figure 10a , it can be seen that effective albedo with 0. 
Summary and Conclusions
In this study, we developed a retrieval algorithm for SWE estimation from dual-frequency (X and Ku) backscattering measurements. This algorithm is based on a physical model in which the snow scattering is simulated by the bi-continuous-VRT model and the soil surface backscattering before snowfall is regarded as the ground backscattering under snow cover. To validate the accuracy of forward model, AIEM and Oh models were coupled to the bi-continuous-VRT under the measured soil surface parameters. By comparing the simulated results with the SARALPS-2007 experimental data, it was shown that in controlled conditions, this integrated model can generate reliably backscattering simulation for snow covered ground. We developed a new parameterization scheme for snow volume scattering in which the snow volume scattering is represented as a quadratic polynomial of the fist-order solution of snow volume radiative transfer equation. We also found good relationships for the single scattering albedo and snow optical thickness at X and Ku bands. The SWE is finally estimated through an iteratively minimized a cost function with prior constraints. Validation against two-year measurements of the SnowScat instrument from the NoSREx campaign shows that the estimated SWE with the presented algorithm has a root mean square error (RMSE) of 16.59 mm for winter in 2009-2010 and 19.70 mm for winter in 2010-2011, respectively. As a physical model, the bi-continuous-VRT is more accurate in theory than the first or second order radiative transfer models and thus more promising considering application to the operational monitoring of snow scattering characteristics. However, prior knowledge of the size of snow particles is still needed in the present algorithm. The next step of the research is to evaluate the effect of particle size on the retrieval results, and to study the application of modeled grain size in the retrieval algorithm. In addition, the experimental area used in this study is relatively flat and clear of vegetation, while our algorithm does not take into account the influence of the terrain and vegetation at present. More effort needs to be devoted to applying this algorithm in mountainous and forested areas and this will be our future work.
